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proposed [5] [6] [7] [8] . The two early diagnostic criteria, systemic inflammatory response syndrome (SIRS) and quick Sepsisrelated Organ Failure Assessment (qSOFA), are dominantly used in clinics to assess the criticality of disease. The foundation of SIRS relies on inflammatory response to infection while the basis of qSOFA relies on the organ failures. Table  1 shows the clinical criteria used for SIRS and qSOFA. The presence of a criterion at the designated threshold yields a score of 1, otherwise 0. SIRS scores range from 0 to 4, with scores of 2 indicative of SIRS and, subsequently, an increased likelihood of mortality. qSOFA scores range from 0 to 3, with scores of 2 indicative of high risk for mortality. Of the seven indicators between the two assessments, only respiratory rate is common to both, with the threshold slightly higher in qSOFA.
Singer et al. [5] proposed qSOFA and compared its performance against SIRS. The authors argued of using qSOFA in clinics because of its high specificity. However, the several practitioners and researchers argued against on accepting qSOFA because of its low sensitivity that could lead to many patients undiagnosed. Given the criticality of early sepsis detection and divided opinion of researchers, a detailed comparison of SIRS and qSOFA can establish clarity in practitioner's mind for the use of more accurate diagnostic criteria. In this paper, combination of statistical and machine learning [9, 10] approaches was employed to evaluate the performance of SIRS and qSOFA. Adopting the approach from [11] for finding the threshold to translate predicted probability into labels, the modeling approaches provided a balance between sensitivity and specificity. This study has great clinical implications as it provides evidence in favor of effective screening criteria that enables healthcare providers to effectively manage limited resources of Emergency Department (ED).
II. Methods

Study Design
This study used data from the Cerner Corporation's HIPAAcompliant Health Facts database. At the time of this study, the database comprised electronic health records for 379 million encounters from 480 affiliated hospitals across the United States. Comprehensive clinical records for individual encounters include date-and time-stamped information on admission and discharge, discharge location, laboratory data, diagnoses (using International Classification of Diseases, ninth revision, clinical modification [ICD-9-CM] diagnostic codes), patient demographics, and additional clinical and billing information.
Study Setting and Population
All visits for patients admitted to the ED between January 1, 2009 to December 31, 2015 with primary or secondary diagnoses of sepsis (ICD-9-CM code 995.91), severe sepsis (ICD-9-CM code 995.92), septic shock (ICD-9-CM code 785.52), and unspecified sepsis (ICD-9-CM 038.xx) were included in the initial data extraction. According to the third International Consensus Definitions for Sepsis and Septic Shock (Sepsis-3), sepsis is defined as SOFA ≥2 and infection. However, determining SOFA score from electronics health record is a major challenge. The SOFA score requires eight variables. Some of them are lab results that are very sparsely available (missing percentage >50%). In addition, the information about respiratory support and the quantity of dopamine are not recorded properly. Deriving population after imputation of such sparse data could potentially lead to population biasness. Therefore, we used ICD-9-CM code for selecting the sepsis population. Extracted data included age, gender, US Census region (Midwest, Northeast, South, and West), hospital location (urban/rural), SIRS/qSOFA clinical variables and discharge type. The outcome of interest was 28-day in-hospital mortality. We selected 28 days as an endpoint because it is widely used in literature of sepsis [12] . We used mortality to infer about diagnostic accuracy of SIRS and qSOFA. Although qSOFA was introduced by Sepsis-3 to detect sepsis early, however, Sepsis-3 also made an assumption that tied the mortality and the early diagnosis of sepsis [13] . The study assumes that mortality and sepsis detection has direct relation. High rate of mortality implies high risk of sepsis. The Sepsis-3 study compares the prognostic accuracy of SIRS, SOFA, LODS (logistic organ dysfunction syndrome) and qSOFA based on their discrimination power of mortality prediction. Hence, the diagnostic (Figure 1 ). The study used first measurement to compute SIRS and qSOFA. The aim of SIRS and qSOFA is to identify patient at high risk of developing sepsis in early stage. Hence, we compared the mortality prediction of both criteria based on the measurement recorded just after the admission.
Data Analysis
Data preparation and statistical analysis were performed using R version 3.2.5 (https://cran.r-project.org). The two approaches, odds ratio (OR) and modeling methods (multivariate logistic regression, decision tree, and naïve Bayes), were used to compare the associations of SIRS and qSOFA with 28-day in-hospital mortality. The OR is a statistical parameter used to determine the strength of association between two categorical variables. Note that the association is statistically significant if the range of 95% confidence interval (CI) of OR does not contain the value 1.
To investigate the robustness of two diagnostic criteria, the patient cohort was divided into 10 classes of varying baseline risk [14] . The baseline risk was estimated using patient demographic and hospital characteristic including age, sex, hospital location, and US Census region. The OR was computed to compare the association of mortality with SIRS (≥2 vs. <2) and qSOFA (≥2 vs. <2) across each decile.
For further investigation, the modeling approaches (multivariate logistic regression, decision tree [15] , and naïve Bayes classifier [16] ) were employed on SIRS and qSOFA variables. Following the literature, the performance matrices of SIRS and qSOFA were evaluated above the baseline risk [11, 17] . The set of variables used for modeling purpose are summarized as follows: (i) Baseline variables: Age, sex, hospital location (urban/ rural), and US Census region. (ii) Base + SIRS variables: Baseline variables plus SIRS clinical variables. (iii) Base + qSOFA variables: Baseline variables plus qSOFA clinical variables. We assessed the discriminatory power of each model using the area under the receiver operating characteristic (AUROC) curve. Other performance parameters such as sensitivity, specificity, positive predictive value, and negative predictive value were also used. Table 2 represents the confusion matrix. Equations (1)- (6) are the expressions of performance metrics derived from Table 2 . The threshold to determine the predicted class from estimated probability was decided using the ROC plot. The cutoff that resulted a point in the ROC plot closest to (0, 1) was selected as threshold [11] . In (0, 1), the first index represents false positive rate and second represents true positive rate. 
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To summarize the analysis, we first compared the association of mortality with SIRS ≥2 and qSOFA ≥2 using OR. Later, we divided the patient visits at the ED into 10 classes to investigate the trend of OR of SIRS ≥2 and qSOFA ≥2 across varying initial risk. The results obtained from OR analysis provided contradictory behavior for sensitivity and specificity of SIRS and qSOFA. Therefore, instead of considering SIRS or qSOFA score, we used SIRS and qSOFA variables to estimate the probability of risk using modeling approaches. The percentages of missing data for SIRS and qSOFA variables were as follows: white blood cell count (37%), Glasgow Coma Scale (30%), heart rate (26%), blood pressure (14%), temperature (7%), and respiratory rate (3%). To manage the problem of missing values in clinical variables, multivariate imputation by chained equations (MICE) was used [18] . Table 3 compares demographic, geographic, and clinical characteristics of non-expired and expired encounters. The mortality rate for ED encounters was 14%, with a median age of 75 years (interquartile range [IQR], 60-83 years) and 50.4% male. In comparison, the non-expired group had a median age of 65 years (IQR, 52-78 years) and was 48.7% male. The Mood's median test [19] showed a significant difference in median age between the groups, with age increasing mortality risk. Using 95% CI of OR, we found that gender, hospital location, and census region were significantly associated with mortality. The results showed that males were at higher risk than females (OR = 1.07; 95% CI, 1.01-1.10), and encounters at urban hospitals had lower levels of risk than rural hospitals (OR = 0.77; 95% CI, 0.75-0.80). Similarly, we compared the association of mortality with hospital census region and found encounters in the Midwest and West to have lower risk for mortality, while those in the Northeast and South had higher risk. Table 3 also shows the association of individual variables of SIRS and qSOFA with mortality. For the qSOFA, each criterion showed a positive association with mortality: blood pressure (OR = 2.00; 95% CI, 1.94-2.08), Glasgow Coma Scale (OR = 2.96; 95% CI, 2.87-3.06), and respiratory rate (OR = 1.66; 95% CI, 1.61-1.72). Whereas, for SIRS, heart rate (OR = 1.09; 95% CI, 1.05-1.12), respiratory rate (OR = 1.67; 95% CI, 1.62-1.72), and white blood cell (OR = 1.04; 95% CI, 1.01-1.07) were associated with a higher risk of mortality. While respiratory rate had the smallest association with mortality among qSOFA criteria, it had the largest association among SIRS criteria. The association of the SIRS criterion of body temperature (<36°C or >38°C) with mortality (OR = 0.84; 95% CI, 0.80-0.87) was counterintuitive as it suggests that high or low body temperature reduces the risk of mortality. Figure 2 shows the distribution of encounters by SIRS and qSOFA scores. There were 23,260 (17.5%) encounters that met the qSOFA criteria for mortality risk (qSOFA ≥2), whereas 80,015 (39.7%) encounters met the definition of (SIRS ≥2). Figure 3 shows the distribution of mortality for the SIRS and qSOFA scores, with rates markedly increasing across qSOFA scores compared to the relatively uniform distribution of SIRS scores. For qSOFA scores, mortality rates were 40.1% for the highest possible score of 3 and 8% for a score of 0. In contrast, for SIRS scores, mortality rates were 18.9% for the highest possible score of 4 and 11.3% with a score of 0.
III. Results
Population Characteristics
Comparison of Prognostic Accuracy of SIRS and qSOFA
Scores Using OR Confusion matrices for both SIRS and qSOFA are shown in Table 4 . Both SIRS and qSOFA were significantly associated with mortality. The association was considerably stronger for qSOFA ≥2 (OR = 3.06; 95% CI, 2.96-3.17) than for SIRS ≥2 (OR = 1.22; 95% CI, 1.18-1.26). The classification accuracy, sensitivity, and specificity for qSOFA were 0.78, 0.35, and 0.85, respectively. The same performance parameters for SIRS were 0.44, 0.64, and 0.40, respectively. Using the cutoff of ≥2 for both measures, the qSOFA outperformed SIRS on accuracy and specificity, but demonstrated lower sensitivity. tients were derived from baseline variables and multivariate logistic regression. For each decile, the OR for qSOFA score (≥2 vs. <2) was greater than for SIRS score (≥2 vs. <2). The OR of qSOFA ranged from 4.3 among those in the lowest baseline risk decile to 2.4 among those in the highest decile, while ORs for SIRS across deciles were more or less constant.
Using Modeling Approach Table 5 shows the performance measures of different modeling techniques on two set of variables: baseline + SIRS variables and baseline + qSOFA variables. Considering either sensitivity or specificity a model selecting criteria is a debatable subject in the medical domain. Based on sensitivity, multivariate logistic regression and naïve Bayes performed well. Based on specificity, decision tree showed the best result. Figure 5 shows the receiver operating characteristic 
IV. Discussion
This study compared the prognostic power of SIRS and qSOFA. The results obtained using OR and modeling approaches indicated that qSOFA was more accurate than SIRS for assessing the risk of mortality among patients at the ED. In addition, the results showed that qSOFA criteria provide better balance between sensitivity and specificity.
The individual variable analysis of SIRS and qSOFA revealed interesting results (Table 3) . We found that body temperature was not directly associated with 28-day in-hospital mortality. This may explain the poor performance of SIRS criteria and slight dip in mortality between scores of 3 and 4 on the SIRS. This finding is parallel to the result presented by Young et al. [20] where authors showed the evidence that elevated body temperature among patients with infection is associated with reduced in-hospital mortality. A close inspection of individual SIRS criteria showed that all variables except respiratory rate were weakly associated with in-hospital mortality. However, among qSOFA criteria, all variables were strongly associated with in-hospital mortality, with the Glasgow Coma Scale having the strongest association. The trends of mortality showed a steep increase in mortality with qSOFA scores, while steady change in mortality with SIRS score. The increase of each unit of qSOFA score provides more information about the mortality risk than the unit change in SIRS score. We also investigated the possibility of either SIRS or qSOFA performing well to a group with population of specific characteristics. The investigation revealed that the association of qSOFA with mortality is greater than association of mortality with SIRS across all groups of different initial risk of mortality.
Further investigation found that although qSOFA ≥2 has stronger association with mortality than SIRS ≥2 for predicting in-hospital mortality among ED patients, it had lower sensitivity. Due to the poor sensitivity of qSOFA, patients with sepsis might remain undiagnosed. This misdiagnosis in the early stage could lead to life-threatening outcomes as timely treatment is critical [21] . However, the high sensitivity of SIRS could lead to unnecessary burdening of ICUs due to improper referrals. Researchers differ in their preference between sensitivity and specificity while selecting diagnostic criteria. Freund et al. argued that the high specificity of qSOFA criteria make it suitable to replace SIRS for efficient stratification of sepsis patients in the ED [1] . On the other hand, Askim et al. [22] preferred sensitivity and presented results against the use of qSOFA. Apart from the contradictory nature of SIRS and qSOFA about sensitivity and specificity, other performance characteristics such as positive and negative likelihood ratios showed evidence in favor of qSO-FA. Later, we explain how carefully selection of threshold to determine labels from predicted probabilities, obtained from modeling approaches, can facilitate balance between sensitivity and specificity and make qSOFA more suitable for clinical use.
All three modeling approaches presented results in favor of qSOFA criteria. The AUROC was greater, in most cases, for qSOFA than SIRS. The findings are aligned with work that established the foundation of qSOFA criteria [13] . Since most patients with sepsis are initially assessed in the ED [23] , several other studies compared the performance of SIRS and qSOFA. Freund et al. [1] noted the AUROC curve for predicting in-hospital mortality among ED patients was 0.80 for qSOFA and 0.65 for SIRS. One of the reasons for the difference in results between this study and ours is the use of different baseline risk variables. Churpek et al. [24] found that for non-ICU patients, the AUROC was 0.69 for qSOFA and 0.65 for SIRS, which is closely aligned with our results obtained using multivariate logistic regression. The sensitivity and specificity obtained from modeling approach is more balanced for both SIRS and qSOFA than obtained directly considering SIRS ≥2 and qSOFA ≥2 ( Table 4 ). The reason for this is careful selection of threshold, instead of considering default 0.5, to determine the predicted labels from predicted probabilities. Adapting [11] , we computed threshold that resulted in a point in roc plot nearest to (0, 1). From Table 5 , it is clear that sensitivity and specificity are greater for qSOFA than SIRS for most of the modeling approaches.
Our findings support the conclusions of other studies that qSOFA criteria can better differentiate low-and high-risk patients in the ED across varying levels of baseline risk. We know that early diagnosis of sepsis is the most effective way to reduce mortality [25] . Therefore, since qSOFA does not require any laboratory results, the use of qSOFA criteria in the ED could lead to early identification of critically ill patients and, consequently, improved outcomes. This study has some limitations that should be considered when interpreting the results. We selected encounters using ICD-9 codes. However, these codes have been criticized in the literature due to lack of clear definitions [26, 27] . Future studies are needed that overcome this limitation by using more precise methods of identifying patients at risk for sepsis. For example, in their assessment of clinical criteria for sepsis, Seymour et al. [13] used a combination of antibiotics and body fluid cultures occurring within a specific timeframe to define suspected infection. Due to data coming only from hospitals using Cerner's EHR system, there could be potential sources of bias in the data. Although we included data from hospitals located in all four US Census regions, we cannot generalize the results to all US hospitals as there could be distinct differences between hospitals using the Cerner system compared to other hospitals. For some variables, the missing percentage was about 35%, therefore, the results can present slight biasness due to imputation. To minimize the induced biasness, we used imputation technique that substitutes unknown observation based on the known observation of the encounter. We relaxed the effect of intervention by assuming that each patient was subjected to a similar intervention. However, this is not usually the case, as intervention varies depending on illness severity. Therefore, we created deciles of baseline risk to compare the association of scores with in-hospital mortality over varying levels of baseline risk. Our findings suggest that the discrimination power for qSOFA is greater than SIRS. The baseline risk analysis showed the robustness of qSOFA. Given the continued use of SIRS to assess mortality risk, the negative association of body temperature with mortality is of particular concern as this suggests normal body temperatures could increase risk of mortality. These findings contribute to our understanding of the prognostic power of qSOFA as a rapid bedside assessment requiring no laboratory data. With statistical and machine learning methods, we showed the advantages and disadvantages of SIRS and qSOFA in terms of sensitivity and specificity. The qSOFA criteria performed better across varying risk of patients that signifies the robustness of the qSOFA criteria. This study also identified the Glasgow Coma Scale as the most important variable within the qSOFA clinical variables. We also found that careful selection of threshold to translate the predicted probabilities in labels can facilitate better balance between sensitivity and specificity. These findings have important implications for the implementation and use of sepsis-related clinical scoring systems.
